Abstract: Downscaled microwave soil moisture (SM) products with a fine resolution are of great importance for both local and regional studies. However, few studies have explored the merits of multiple downscaled microwave SM products. An evaluation of the different products could help to advance knowledge of the downscaled microwave SM products and help researchers to choose the appropriate downscaled SM products for use in further studies. In this research, five microwave SM products derived from Advanced Microwave Scanning Radiometer-Earth Observing System (AMSR-E), AMSR2, and Soil Moisture and Ocean Salinity (SMOS) data were downscaled via the back-propagation neural network (BPNN). The BPNN was chosen because it can effectively simulate the nonlinear relationship between SM and the land surface temperature (LST)/vegetation index (VI). The different downscaled SM products were evaluated with in-situ SM data from the central Tibetan Plateau Soil Moisture/Temperature Monitoring Network (SMTMN) during the period from 1 August 2010 to 31 December 2012. Compared with the regression technique, the downscaled correlation coefficient (r) is significantly improved by the BPNN. The downscaled root-mean-square error (RMSE) and bias are comparable for the two techniques. As expected, LST and enhanced VI (EVI) are physically related to SM, and this is the most suitable combination for SM downscaling. Except for the ascending node of SMOS and AMSR2, the downscaled r is closely related to the original RMSE, and a lower original RMSE for the SM product results in a higher downscaled r. The BPNN-downscaled SMOS product in descending node is the closest to the in-situ SM among the different downscaled microwave SM products. The temporal variations and ranges of the microwave SM products are well maintained by the BPNN downscaling. Furthermore, the evaluations against in-situ SM reveal that the overall accuracies of the BPNN-downscaled SM products are very close to the original microwave SM products.
Introduction
Over the past decades, various passive microwave satellites or sensors have been launched to measure soil moisture (SM) globally, with revisit cycles of two to three days, including the Advanced Microwave Scanning Radiometer-Earth Observing System (AMSR-E), the Soil Moisture and Ocean Salinity (SMOS) mission, the Advanced Microwave Scanning Radiometer-2 (AMSR2), and the Soil Moisture Active Passive (SMAP) mission. Except for the 9-km resolution of the SMAP SM product [1] , which is obtained by merging radiometer with radar data, the other instruments are characterized by a coarse spatial resolution (~25-km) [2, 3] . Unfortunately, the radar instrument of SMAP broke down on 7 July 2015, which resulted in the terminated transmission of satellite-based SM observations at a spatial resolution finer than 10-km. These SM products can be insufficient for local or regional studies due to their coarse spatial resolution, where SM observations at a 1-10-km resolution are commonly required [4] . Therefore, downscaling is needed to improve the spatial resolution for the effective application of passive microwave derived SM products. Different remote sensing data and auxiliary data are used for microwave SM product downscaling, such as optical/thermal infrared (OTI) remote sensing data [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] , active microwave data [1, 14, 15] , and topographic, vegetation, and soil data [16] . Among these supplementary datasets, OTI data are widely used for SM downscaling as they can be conveniently accessed and provide detailed land-surface contextual information [11] .
Traditionally, SM downscaling methods using OTI data are built upon the triangle framework [17] . This framework is formed as a triangular or trapezoid distribution relating the land surface temperature (LST) and the normalized difference vegetation index (NDVI) within 'wet' and 'dry' edges, and the SM condition is a vital factor influencing the edges. Since Chauhan et al. [5] first proposed a regression equation for improving the spatial variability of the Special Sensor Microwave Imager (SSM/I) SM by integrating the triangle-based SM downscaling method proposed by Carlson [17] and the surface albedo, various microwave SM products (~25 km) have been downscaled using this method and revised versions [6, 18, 19] . Piles et al. [4] and Song et al. [10] included microwave brightness temperature (Tb) and LST/NDVI data within the regression method to downscale SMOS and AMSR-E SM, respectively. Soil evaporative efficiency [7, 8] derived from LST and NDVI data has also been proposed for SMOS SM downscaling; however, the requirement for many field-measured biophysical parameters limits the wide application of this semi-empirical model. Chen et al. [12] proposed a new method based on OTI data to downscale SMAP SM from a 36-km to a 250-m scale and concluded that the method has a wide application scope through tests on SMAPEx-4/5 data.
To date, SM downscaling has mainly focused on the single microwave SM products derived from AMSR-E, SMOS, or SMAP products [6, 10, 12, 20, 21] . Microwave SM products derived from different satellites have varied accuracies, which has been confirmed in many studies [2, 3, 22, 23] . However, the accuracy differences between the different downscaled SM products are still not clear. Characterizing the accuracies of the different downscaled SM products will be of great value for both local and regional studies. High-accuracy SM data with high spatial information is needed for the improvement of weather prediction forecasting, drought assessment, eco-system monitoring, and water resources management. The evaluation of the different downscaled microwave SM products will help us to understand the difference between the downscaled SM products and will help researchers to choose appropriate downscaled SM products for use in further studies.
Zhao et al. [24] and Wang et al. [11] compared different SM downscaling methods over Mqau on the Tibetan Plateau. This study revealed that the accuracies of the methods proposed by Merlin et al. [8] and Piles et al. [4] were comparable with triangle-based SM downscaling over the Tibetan Plateau. The triangle-based SM downscaling method is easy to implement, relying on the relationship between SM and LST/NDVI, and the downscaled SM has no blocky effect. However, the relationship between SM and LST/NDVI is primarily formulated via a regression equation, which may not be capable of fully revealing the complicated nonlinearity of the relationship. For strong nonlinear fitting, the back-propagation neural network (BPNN) can simulate the relationship effectively. In addition, remote sensing indexes (RSIs) [11, 19] calculated by surface reflectance data can act as the NDVI for SM downscaling. Therefore, the utilization of the BPNN and an appropriate LST/RSI for SM downscaling may achieve better results.
In this research, multiple microwave SM products derived from AMSR-E, AMSR2 (together referred to as AMSR hereafter), and SMOS were downscaled by the BPNN and LST/RSI for the Tibetan Plateau. To choose the appropriate RSI for SM downscaling, five different RSIs derived from Moderate Resolution Imaging Spectro-radiometer (MODIS) surface reflectance data were investigated. In-situ SM data from the central Tibetan Plateau Soil Moisture/Temperature Monitoring Network (SMTMN), which is located at Naqu, were used to evaluate the multiple downscaled SM products. Therefore, the aims of this research were to evaluate the multiple BPNN-downscaled SM products over the SMTMN area from 1 August 2010 to 31 December 2012 and to examine the differences between microwave and downscaled SM products so as to analyze the discrepancies among the multiple downscaled SM products.
Data

In-Situ Measurement
The in-situ SM data used in this research were obtained from the SMTMN (http://dam.itpcas. ac.cn/rs/?q=data#CTP-SMTMN), which is a monitoring network deployed around the city of Naqu within an area of 1 • × 1 • (Figure 1 ) in the central Tibetan Plateau, China. Apart from a few rugged areas, the land surface of Naqu is relatively flat with rolling hills, and the elevation range of the stations is 4470-4953 m above sea level [25] . The land surface conditions are relatively homogeneous, with alpine meadow as the dominant land-cover type. Rainfall events mainly occur in summer, and the soil freezes in winter. Overall, this region can be considered representative for satellite-based SM observations and can provide beneficial geophysical conditions for SM downscaling over high elevations and a cold climatic zone. EC-TM and 5TM capacitance probes manufactured by Decagon Devices were used for the SM monitoring. The measuring time interval was set to 30 min, starting at 0:00 a.m., and each record reflects the average state of the SM over the past half-hour [26] . The monitoring network consists of 56 stations measuring SM at three spatial scales (1.0, 0.3, and 0.1 degrees) and four soil depths (0~5, 10, 20, and 40 cm) [27] . The measured SM is calibrated by considering the impact of soil texture and soil organic carbon content [28] , and the valid range of the measured SM is 0-0.7 m 3 /m 3 . As intensive measurement sites, the dataset is adequate for evaluating and validating both the original and corresponding downscaled satellite-based SM products. The top layer of (0~5 cm) in-situ SM from 1 August 2010 to 31 December 2012, was used for the evaluation, as microwave signals can only penetrate several centimeters below surface soil.
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AMSR-E
AMSR-E, which is onboard the National Aeronautics and Space Administration (NASA) Aqua satellite, is a passive microwave radiometer that has been applied for generating worldwide SM datasets with an expected accuracy of no less than 0.06 m 3 /m 3 over sparsely to moderately vegetated land surfaces [29] . The spatial resolution of the typical AMSR-E SM product is about 25 km over the 
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AMSR-E
AMSR-E, which is onboard the National Aeronautics and Space Administration (NASA) Aqua satellite, is a passive microwave radiometer that has been applied for generating worldwide SM datasets with an expected accuracy of no less than 0.06 m 3 /m 3 over sparsely to moderately vegetated land surfaces [29] . The spatial resolution of the typical AMSR-E SM product is about 25 km over the period from June 2002 to October 2011. The overpass times of the ascending and descending nodes are 01:30 p.m. and 01:30 a.m., respectively. To date, various algorithms have been routinely applied to retrieve SM from AMSR-E, and the three most widely used AMSR-E SM products were chosen in this research for downscaling; namely, (a) the NASA product [30] ; (b) the Land Parameter Retrieval Model (LPRM) product developed by Vrije Universiteit, Amsterdam, in collaboration with NASA [31, 32] ; and (c) The Japan Aerospace Exploration Agency (JAXA) product [33] . In this research, the AMSR-E SM products covered the period from 1 August 2010 to 3 October 2011.
AMSR2
AMSR2, the successor to AMSR-E, which is onboard the Global Change Observation Mission Water 1 satellite, was launched in May 2012. The overpass time of AMSR2 is the same as that of AMSR-E, and the AMSR2 SM product obtained using the same retrieval algorithm as the JAXA product was chosen in this research. As a second-generation sensor, AMSR2 is expected to provide a better spatial resolution and a more accurate SM product. AMSR2 features a larger antenna diameter, and the footprint size of AMSR2 at 6.9 GHz is 35 km × 62 km, which is finer than the 43 × 75 km of AMSR-E [34] . Additionally, AMSR2 has an additional horizontally and vertically polarized channel at 7.3 GHz that was initially intended for radio frequency interference (RFI) mitigation [2] . In addition, AMSR2 has an improved thermal design and calibration system [2] . In this research, the AMSR2 SM product with a 25-km resolution covered the period from 5 July to 31 December 2012. The time span of AMSR2 covered only five months and was the shortest among the microwave SM products.
SMOS
SMOS is the first mission designed specifically for global SM monitoring. The satellite has an average 43-km resolution and a 1000-km swath width in the field-of-view. The revisit time is three days, and the ascending and descending overpasses across the equator are at 6:00 a.m. and 6:00 p.m., respectively. An L-band radiometer is deployed (1.4 GHz) to monitor surface SM, which is the most suitable space-borne band for SM retrieval, and the expected accuracy of the derived SM product is less than 0.04 m 3 /m 3 over land. The L-band microwave emission of the biosphere model [35, 36] is employed to retrieve SMOS SM. The SMOS Level 3 SM product (version 2.72, 25 km) delivered by the Centre Aval de Traitement des Données SMOS (CATDS) from 1 August 2010 to 31 December 2012 was used in this research.
MODIS
The MODIS instruments operate on the Terra (MOD) and Aqua (MYD) satellites, where the ascending and descending times are 10:30 p.m./10:30 a.m. and 1:30 p.m./1:30 a.m., respectively. The MODIS data used in this research were the 1-km daily LST (MOD11A1 and MYD11A1) products and the 500-m daily surface reflectance (MOD09GA and MYD09GA) products. The latter products were utilized for RSI calculation, namely, NDVI, enhanced vegetation index (EVI), and three kinds of normalized difference water index (NDWI) (Equations (1)- (3)):
where B i (i = 1, . . . , 7) refers to the ith MODIS surface reflectance band, NDWI j refers to one of the three kinds of NDWI, and j starts from five for consistency with the MODIS surface reflectance band.
Method
Data Pre-Processing
L-band microwave observations endure much more serious RFI contamination than C-and X-band observations. Therefore, the effect of RFI on the AMSR SM products is negligible, and only the RFI-contaminated pixels of the SMOS data were removed. For SMOS, SM pixels with a data quality index (DQX) of greater than 0.06 were discarded [21] . The in-situ SM ranges from 0 to 0.7 m 3 /m 3 within SMTMN; therefore, satellite-derived SM retrievals with values larger than 0.7 m 3 /m 3 were excluded ( Table 1 ). The MODIS products were extracted and resampled to 1 km. The MODIS data were then aggregated to a coarser resolution by each microwave SM pixel. The aggregated value was preserved if more than 80% of the MODIS pixels for each microwave SM pixel were not contaminated [24] . In addition to the above pre-processing, data filtering for RSI and LST was also taken into consideration. The filtering criteria for the microwave SM and MODIS products are summarized in Table 1 . Note that the data exclusion criteria were not only applied to the aggregated MODIS data but were also applied to the MODIS data (1 km) for the acquisition of the high-quality downscaled SM products. were almost all excluded because of the contaminated MODIS pixels and frozen soil. Therefore, the descending node of AMSR was not downscaled in this research. In addition, the ascending node of SMOS (A_SMOS) matches daytime Terra LST (MOD_LST) and RSI (MOD_RSI), while the descending node of SMOS (D_SMOS) matches daytime MYD_LST and MYD_RSI.
Microwave SM Product BPNN Downscaling
In the triangle-based SM downscaling method, the regression equation is used to simulate the relationship between SM and LST/RSI. In this research, the BPNN was used instead of regression for the relationship simulation for downscaling the microwave SM from 25 km to 1 km. The BPNN is a multi-layer neural network trained by an error back-propagation algorithm. As there is no data feedback in the network, the data workflow begins at an input layer and then consecutively moves into hidden layer(s) and an output layer with the corresponding output data. Errors between the calculated and reference output are back-propagated from the output layer to the input layer, thereby continuously updating the network weights and biases in the opposite direction so as to obtain the minimum squared errors of the network. In this research, a three-layer BPNN containing one hidden layer was used for the SM downscaling ( Figure 2 ). The BPNN was trained by the Levenberg-Marquardt algorithm, taking the aggregated LST/RSI combination as the input and the corresponding SM at the microwave scale (~25 km) as the output. The well-trained BPNN was then applied at the MODIS scale (1 km), and thus the microwave SM products were downscaled from the coarse scale to the MODIS scale by the BPNN. The basic assumption of BPNN downscaling is that the relationship between SM and LST/RSI is scale-invariant for the both microwave-and MODIS-scale datasets. For strong nonlinear fitting, it is expected that BPNN downscaling should obtain a better result than regression downscaling. Therefore, first-and second-order regression of the triangle-based SM downscaling methods was implemented for comparison:
where a and b indicate the regression parameters and the LST and RSI are normalized to [0, 1] . In addition, the SM downscaling method proposed by Choi and Hur [6] (Equation (6)) was also used for comparison:
where c indicates the regression parameter and A indicates the surface albedo, which is calculated by surface reflectance data using the equation proposed by Liang [37] . A is also normalized to [0,1].
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where c indicates the regression parameter and A indicates the surface albedo, which is calculated by surface reflectance data using the equation proposed by Liang [37] . A is also normalized to [0,1]. The relationship between SM and OTI data, which is considered to be scale-invariant, is vital for SM downscaling. This is because BPNN downscaling can be implemented once the relationship is generated by the BPNN using the SM product and MODIS data at the microwave scale. As the BPNN is used to construct the relationship at the microwave scale, which is further applied at the MODIS scale, BPNN-downscaled SM products are generated by the relationship and are independent of the microwave SM products. Thus, BPNN downscaling can be conducted for days when the microwave SM products are absent and the MODIS data exists. To implement BPNN training at the microwave scale, the input and output data were divided into two parts, a training dataset (80%) and a validation dataset (20%), preventing the over-fitting problem of the BPNN. After the training phase, the BPNN was used to downscale the coarse microwave SM products to the MODIS scale. Table 2 lists the total number of training and validation samples for each microwave SM product. 
Quantitative Evaluation
The evaluation between the in-situ SM and downscaled SM products was quantified in terms of correlation coefficient (r), root-mean-square error (RMSE), and bias (in-situ SM-downscaled SM). In addition, a Taylor diagram was also generated for result demonstration and analysis. The whole The relationship between SM and OTI data, which is considered to be scale-invariant, is vital for SM downscaling. This is because BPNN downscaling can be implemented once the relationship is generated by the BPNN using the SM product and MODIS data at the microwave scale. As the BPNN is used to construct the relationship at the microwave scale, which is further applied at the MODIS scale, BPNN-downscaled SM products are generated by the relationship and are independent of the microwave SM products. Thus, BPNN downscaling can be conducted for days when the microwave SM products are absent and the MODIS data exists. To implement BPNN training at the microwave scale, the input and output data were divided into two parts, a training dataset (80%) and a validation dataset (20%), preventing the over-fitting problem of the BPNN. After the training phase, the BPNN was used to downscale the coarse microwave SM products to the MODIS scale. Table 2 lists the total number of training and validation samples for each microwave SM product. 
The evaluation between the in-situ SM and downscaled SM products was quantified in terms of correlation coefficient (r), root-mean-square error (RMSE), and bias (in-situ SM-downscaled SM).
In addition, a Taylor diagram was also generated for result demonstration and analysis. The whole research period covered 884 days, including 274 days of frozen periods and 610 days of unfrozen periods. SM data during the frozen periods were excluded, and the evaluations were only implemented over the unfrozen periods. Firstly, the downscaled SM products were evaluated against the in-situ observations from all the stations. Comparisons were then conducted to examine the difference between the downscaling methods and to determine the most suitable RSI for SM BPNN downscaling. The different BPNN-downscaled SM products using the optimal RSI were then evaluated during the same temporal coverage so as to investigate the discrepancies. To further investigate the performance of SM BPNN downscaling, each microwave product and the corresponding downscaled SM product were evaluated and compared in the same time series at the SMTMN scale.
Results
Structure Optimization of the BPNN
Before applying the BPNN for SM downscaling over the SMTMN area from 1 August 2010 to 31 December 2012, the network needed to be optimized. The aims of the optimization were to minimize the total error of the BPNN and to prevent over-fitting. The two vital parameters are the number of neurons in the hidden layer and the number of epochs (the maximum iterations for training), which were optimized by a trial-and-error approach. Here, A_SMOS downscaling is taken as an example to demonstrate the process of optimization. As shown in Figure 3 , the RMSE drops quickly with the increase of neurons in the training phase, while the RMSE first decreases and then slightly climbs with the increase of neurons in the validation phase. Figure 4 shows the impact of the epochs, where the RMSE decreases with the increase of the epochs for both the BPNN training and validation phases and then becomes stable when the epochs are more than 100. Neurons and epochs with the minimal RMSE were chosen as the optimal setting for the SM downscaling, so four neurons and 100 epochs were defined for the microwave SM product BPNN downscaling (Figure 2 ).
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Evaluation of Downscaled SM Products at the MODIS Scale
The multiple microwave SM products were downscaled from the coarse microwave scale (~25 km) to the fine MODIS scale (1 km). The downscaled SM products at the MODIS scale were evaluated against in-situ SM in the corresponding MODIS pixels. As shown in Figure 5 , the first-and second-order regression downscaling approaches exhibit similar performances with regard to RMSE and bias and only moderate differences that exist with respect to r. As expected, the BPNN downscaling demonstrates a better performance than the regression methods, as indicated by the significantly increased r for each SM product and each LST/RSI combination. In addition, the differences of the downscaled RMSE and bias between the first and second-order regression and the BPNN models are small for each SM product ( Figure 5 ). Choi and Hur downscaled performance is similar to the two regression method and is worse than the BPNN ( Figure 5 ). This reveals the advantage of the BPNN, even if surface albedo is not taken into consideration for the BPNN. For the large difference of the downscaled r, a further detailed investigation of the advantage of BPNN downscaling based on r is shown in Table 3 .
As shown in Table 3 , optimal downscaling is achieved with the EVI, where the highest r is obtained for all the downscaled SM products using the different methods (in bold), with the exceptions of AMSR2 and A_SMOS for the second-order regression method and NASA and A_SMOS for the Choi and Hur method. These results suggest that LST/EVI for SM downscaling is more robust than the other LST/RSI combinations. The downscaled r of the Choi and Hur method is comparable with the regression methods but less so with the BPNN. Sorting the r values from high to low, the BPNN-downscaled SM products using the LST/EVI combination are D_SMOS (0.649), JAXA (0.582), LPRM (0.571), AMSR2 (0.558), NASA (0.547), and A_SMOS (0.531). The satisfying correlation coefficients between the BPNN-downscaled SM products and the in-situ SM data further confirm the advantage of the BPNN for SM downscaling. Therefore, the further evaluation of the BPNN-downscaled microwave SM products by the LST/EVI combination can be deemed to be credible.
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As shown in Table 3 , optimal downscaling is achieved with the EVI, where the highest r is obtained for all the downscaled SM products using the different methods (in bold), with the exceptions of AMSR2 and A_SMOS for the second-order regression method and NASA and A_SMOS for the Choi and Hur method. These results suggest that LST/EVI for SM downscaling is more robust than the other LST/RSI combinations. The downscaled r of the Choi and Hur method is comparable with the regression methods but less so with the BPNN. Sorting the r values from high to low, the BPNN-downscaled SM products using the LST/EVI combination are D_SMOS (0.649), JAXA (0.582), LPRM (0.571), AMSR2 (0.558), NASA (0.547), and A_SMOS (0.531). The satisfying correlation coefficients between the BPNN-downscaled SM products and the in-situ SM data further confirm the advantage of the BPNN for SM downscaling. Therefore, the further evaluation of the BPNN-downscaled microwave SM products by the LST/EVI combination can be deemed to be credible. 
Spatial Maps of the BPNN-Downscaled SM Products by LST/EVI
To spatially visualize the differences between the multiple downscaled SM products, the cloud-free MODIS data on 9 September 2011 are selected, and the BPNN-downscaled SM products by MODIS LST/EVI are shown in Figure 6 . Since SM BPNN downscaling depends on the relationship between SM and LST/EVI at the microwave scale, downscaled SM products are only available when good-quality MODIS data are accessible. The detailed spatial information on the SM maps is greatly improved via the downscaling, as there are no more than 20 SM pixels for the microwave products over the SMTMN area. However, the six downscaled SM maps appear rather divergent for the same date, despite the fact that the same LST/EVI combinations were used for the BPNN downscaling. Note that, in addition to A_SMOS (Figure 6i) , the other SM products are BPNN downscaled by EVI_MYD (Figure 6a ) and LST_MYD ( Figure 6c ). As there are great differences in accuracy among the various microwave SM products [3] , the errors of the original SM products may be passed down to the downscaled SM products, resulting in the significant differences. 
Temporal Evaluation of the BPNN-Downscaled SM Products by LST/EVI at the SMTMN Scale
Downscaled SM products are not available for every day because of the cloud contamination. In this research, if more than 13 in-situ SM in the corresponding MODIS pixels were not contaminated, the MODIS data were regarded as cloud-free data and the valid downscaled SM over the SMTMN area was area averaged. The reason for this is that the areal mean SM of the SMTMN area can be well estimated by 13 randomly distributed in-situ SM [26] . The station-averaged in-situ SM (at 6:00 a.m.) and the area-averaged downscaled SM products at the SMTMN scale during unfrozen periods are shown in Figure 7 . The temporal coverage for each downscaled SM product is shown in Table 4 . Apart from A_SMOS, the other downscaled SM products have the same temporal coverage, as the same Aqua MODIS LST/EVI was used for the SM downscaling. The downscaled NASA product is generally stable, and all the SM values are around 0.12 m 3 /m 3 . The RMSE (0.134 m 3 /m 3 ) and bias (0.109 m 3 /m 3 ) of the downscaled NASA product are quite high, which shows that significant errors exist in the downscaled NASA product. Both the time series analysis (Figure 7 ) and the statistical assessment of the negative bias indicate that the SM value is significantly overestimated by the downscaled LPRM product. Nevertheless, the downscaled LPRM product has a higher r (0.777) and lower RMSE (0.124 m 3 /m 3 ) than the downscaled NASA product. The downscaled JAXA and AMSR2 products show similar temporal variations. The downscaled AMSR2 product has a lower RMSE (0.076 m 3 /m 3 ) and is slightly better than the downscaled JAXA product, which contains some spurious high SM points during the summer period. As for SMOS, the downscaled A_SMOS product is generally underestimated, and the downscaled D_SMOS product is closer to the in-situ SM observations. The fact that the downscaled D_SMOS product is better than the downscaled A_SMOS product has also been noted in previous studies [4, 19] .
The discrete distribution of the downscaled SM products is also illustrated in Taylor diagrams (Figure 8 ). The downscaled SMOS products are quite close to the in-situ observation and have a lower RMSE than the downscaled AMSR product ( Table 4 ). The downscaled D_SMOS product has the highest r among the downscaled microwave products. SMOS is designed specifically for SM observation and deploys the L-band, which is better than the C-or X-band for SM retrieval [35] . Thereby, the downscaled SMOS product generated from the SMOS microwave-scale SM product can achieve a better result. The variability of the downscaled D_SMOS product is the closest to the in-situ SM data, with the best result (r = 0.859, RMSE = 0.052 m 3 /m 3 , and bias = −0.011 m 3 /m 3 ) at the SMTMN scale among the downscaled SM products (Figure 8 and Table 4 ).
The discrete distribution of the downscaled SM products is also illustrated in Taylor diagrams (Figure 8 ). The downscaled SMOS products are quite close to the in-situ observation and have a lower RMSE than the downscaled AMSR product ( Table 4 ). The downscaled D_SMOS product has the highest r among the downscaled microwave products. SMOS is designed specifically for SM observation and deploys the L-band, which is better than the C-or X-band for SM retrieval [35] . Thereby, the downscaled SMOS product generated from the SMOS microwave-scale SM product can achieve a better result. The variability of the downscaled D_SMOS product is the closest to the in-situ SM data, with the best result (r = 0.859, RMSE = 0.052 m 3 /m 3 , and bias = −0.011 m 3 /m 3 ) at the SMTMN scale among the downscaled SM products (Figure 8 and Table 4 ). 
Comparison between the Microwave and Downscaled SM Products at the SMTMN Scale
To demonstrate the capability of the BPNN approach in preserving temporal dynamic variability, the differences between the downscaled and microwave SM products were examined. Both the valid microwave and downscaled SM products were area averaged and then compared over the same time series at the SMTMN scale, eliminating the disparity originating from the inconsistent time series (Figure 9 and Table 5 ). 
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To demonstrate the capability of the BPNN approach in preserving temporal dynamic variability, the differences between the downscaled and microwave SM products were examined. Both the valid microwave and downscaled SM products were area averaged and then compared over the same time series at the SMTMN scale, eliminating the disparity originating from the inconsistent time series (Figure 9 and Table 5 ). The range of the downscaled NASA product (0.110-0.124 m 3 /m 3 ) is much smaller than the range of the microwave NASA product (0.081-0.195 m 3 /m 3 ). Moreover, the downscaled NASA product appears temporally constant and looks like a straight line (Figure 9 ), explicitly indicating that the downscaled NASA product has a quite poor quality. The downscaled LPRM and JAXA products show similar temporal evolutions to the original LPRM and JAXA products. However, the temporal variations of the downscaled LPRM and JAXA products are not as close to the in-situ SM as the LPRM and JAXA microwave products. Meanwhile, the downscaled AMSR2 product is in good agreement with the in-situ SM, as is the original AMSR2 product. For both overpasses of the SMOS SM products, the temporal variations of the downscaled SMOS product are closer to the in-situ SM than the original SMOS, where some outlier points exist. Generally speaking, the downscaled SM products with fewer outliers are smoother than the corresponding microwave SM products, especially for the downscaled SMOS products. Furthermore, the BPNN-downscaled SM products are greatly dependent on the original microwave SM products, and the ranges of the downscaled SM products are within the ranges of the microwave SM products.
Statistical evaluations of the BPNN-downscaled products and the corresponding microwave SM products are shown in Table 5 . For the NASA product, the RMSE and bias increase slightly, and the r is also increased from 0.614 to 0.742 after the BPNN downscaling. For the LPRM and JAXA products, the accuracies of the downscaled LPRM and JAXA time series slightly degenerate after downscaling. However, downscaling improves the accuracy of AMSR2 (Table 5) , and the RMSE is also greatly decreased. However, the temporal availability of the AMSR2 product is limited to only five months, which might have led to a less robust evaluation. Additionally, the accuracy of the downscaled A_SMOS time series is improved, which is also observed for D_SMOS. Except for the greatly decreased RMSE of the AMSR2 product and the slightly increased RMSE of the NASA and LPRM products, the other RMSEs are only slightly decreased by the downscaling. Moreover, the bias between the downscaled and microwave SM products is almost equivalent for each SM product. Overall, the accuracies of the downscaled and microwave SM products are very close (Table 5) . Nevertheless, the temporal correlations of the downscaled SM products are improved after downscaling, except for the LPRM and JAXA products. Even though the LPRM and JAXA products have a reduced r, the temporal variation of the in-situ SM can still be well captured by the downscaled products (Table 5) . Therefore, the BPNN-downscaled SM products could be used for regional or local research at a fine resolution (1 km) and will provide comparable accuracies to the corresponding microwave SM products.
Discussion
In this research, we found that the EVI is the optimal RSI for SM downscaling. To investigate the reason for this, the r between the RSI and SM at the microwave scale (microwave SM) and MODIS scale (in-situ SM) was calculated ( Table 6 ). The relationship between SM and LST/RSI is better simulated by the BPNN, with a higher r between the SM and RSI at the microwave scale because of the reduced interference for training. Meanwhile, the BPNN-downscaled SM products obtain good results, with a higher r between the SM and RSI at the MODIS scale, because of the higher-quality data for BPNN prediction. As shown in Table 6 , the r of NDWI7 and NDWI6 is slightly higher than the r of EVI and NDVI for the AMSR products at the microwave scale, and the r of EVI is the highest for the SMOS products at both the microwave and MODIS scales (in bold). Overall, the relationship simulated by the BPNN with various RSIs is similar at the microwave scale because of the close r between NDVI, EVI, and the three kinds of NDWI. For optimal results, the EVI should be chosen for the SM downscaling because the r of the EVI is significantly higher than the r of the other RSIs at the MODIS scale (Table 6 ). As shown in Figure 5 , the first-and second-order regression downscaling based on LST/RSI obtains a comparable performance to the Choi and Hur method [6] , indicating the slight contribution of surface albedo to SM downscaling over the Tibetan Plateau. This is mainly a result of the very weak correlation between SM and surface albedo at the microwave and MODIS scales (Table 6 ). Nevertheless, surface albedo added into the BPNN could further increase the downscaled performance, which will be tested in our future study. Even though the original errors of the microwave SM products cannot be reduced by SM downscaling [24] , the temporal variations of the in-situ SM are well characterized by the downscaling, as indicated by the high r between the BPNN-downscaled SM and the in-situ SM (>0.72) ( Table 4 ). In addition, the r values of the downscaled SM products are less than 0.86 (Table 4 ). This suggests that the SM downscaling using the BPNN and LST/EVI may have reached the limits of the method, as the method only takes into account the surface temperature and vegetation index [38] , without considering the soil temperature, evapotranspiration, surface roughness, vegetation structure, and other factors. The variability in SM is impacted by the variability in atmospheric conditions and land surface characteristics at different spatial scales. The relationship between SM and LST/RSI was assumed scale-invariant for SM downscaling at the microwave and MODIS scales. The scale effect for SM downscaling should be investigated in future studies.
It can be seen from Figure 9 and Table 5 that the SMOS points with a lower RMSE are closer to the in-situ curve, and the AMSR points with a higher RMSE deviate more from the in-situ curve, despite the good temporal variation (r). As a result of the limited anti-interference ability of the BPNN, the BPNN cannot be well trained when there is a large RMSE around the observations. The less the RMSE, the more robust the trained BPNN. Therefore, a lower original RMSE for the SM products results in a higher downscaled r (Table 5 ) with the same MODIS inputs (LST/EVI) for AMSR (except AMSR2) and D_SMOS downscaling. It should be noted that the MODIS inputs are MYD_LST and MYD_EVI for AMSR and D_SMOS, while the MODIS inputs are MOD_LST and MOD_EVI for A_SMOS. Due to the lower RMSE of the SMOS products, the downscaled r of SMOS should be higher than the downscaled r of AMSR. However, the downscaled r of A_SMOS is the poorest (Figure 9 and Table 5 ), which is mainly because the surface energy balance is more likely to be water-limited in the afternoon (AMSR and D_SMOS) and the LST is more tightly coupled to the SM than in the morning (A_SMOS) [4] . Therefore, the SM downscaling relationship simulated by the BPNN and LST/EVI using morning MODIS LST would be worse than that using afternoon MODIS LST.
Conclusions
The evaluation of the multiple downscaled microwave SM products is of vital importance for both regional-and local-scale studies and applications. In this study, the BPNN was utilized for the SM downscaling as the BPNN can sufficiently simulate the nonlinear relationship between SM and LST/RSI. The SM products of three passive microwave satellites, i.e., AMSR-E, AMSR2, and SMOS, were downscaled from the microwave scale (25 km) to the MODIS scale (1 km). To select an appropriate RSI for the SM downscaling, various RSIs, including NDVI, EVI, and three kinds of NDWI, were investigated in this research. SM downscaling was implemented from 1 August 2010 to 31 December 2012, and the in-situ SM data from 56 stations of the SMTMN were used to evaluate the microwave and downscaled SM products over Naqu in the Central Tibetan Plateau.
The downscaling shows a number of differences between the different microwave SM products and LST/RSI combinations. The correlation coefficient (r) of the BPNN-downscaled SM is better than the regression-downscaled SM. However, the downscaled RMSE and bias are comparable between the BPNN downscaling and the regression downscaling for each microwave SM product. LST/EVI is the most suitable combination for SM downscaling, obtaining the maximum downscaled r among the LST/RSI combinations for the BPNN and most of the regression downscaling approaches. Based on the optimal SM downscaling combination, the differences between the various BPNN-downscaled SM products and the discrepancies between the microwave and BPNN-downscaled SM products were further investigated. The temporal variations of the multiple BPNN-downscaled SM products show a good consistency with the in-situ SM (r > 0.72). For the AMSR products (except AMSR2) and the descending node of SMOS, the original RMSE of each SM product results in a higher downscaled r. Among the six BPNN-downscaled SM products, the performance of the downscaled D_SMOS product is the best, with r = 0.859, RMSE = 0.052 m 3 /m 3 , and bias = −0.011 m 3 /m 3 . The BPNN-downscaled SM products are greatly dependent on the original microwave SM products, and the difference in temporal accuracy between the downscaled and microwave SM products is marginal. We conclude that the BPNN-downscaled SM products with a fine resolution could be widely used for both regional and local research.
